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1. Introduction

Bayesian optimization (BO) is a sample-efficient
black box optimizer and has become a workhorse in
self-driving labs. Yet a major and often overlooked
source of uncertainty is the task itself: what to op-
timize, how to evaluate success, and which design
space and constraints define a meaningful scientific
problem. Humans still make this problem-selection
decision; automating it would let labs explore beyond
human-designed objectives.

We call a candidate problem setting—its search
space, objective, and constraints—a task. A task is
valuable only if it is both high-reward and achievable
within a finite experimental budget T: overly ambi-
tious tasks may not mature in time, while only pursu-
ing easy tasks can limit impact. Large language mod-
els (LLMs) make it natural to envision open-ended task
exploration, where algorithms continually propose
and revise tasks. However, two obstacles remain: (i)
evidence-based discovery loops are brittle due to hal-
lucinations [1]; (ii) sample efficiency, since testing all
generated tasks is prohibitive.

In response, we propose Generate-Select-Refine
(GSR), a meta-BO framework that alternates between
task generation and task optimization (Fig. 1). The key
is to treat task discovery as a meta-level optimization
problem, using BO regret bounds as a statistical task
manager that verifies generated tasks from finite evi-
dence. Asymptotically, GSR concentrates evaluations
on the best task, incurring only a regret overhead
logarithmically away from running single-task BO.

2. GSR: Meta-BO for task discovery
2.1 Two coupled loops: inner loop vs. outer loop

Inner loop (standard BO). For each task i, we op-
timize an unknown black-box objective f*) (x) over
its domain X¥) (e.g., via GP-UCB [2]). This produces
an incumbent z\" , the best value found so far after s
evaluations.

Outer loop (task selection + task refinement).
Tasks can differ in domains, objectives, and even
dimensionalities, so raw f?) values are not directly
comparable. We therefore compare tasks through a
bounded utility u” (z) € [0,1] applied to each task’s
incumbent. Utility can encode scientific promise, de-
ployability, or expert preference; in practice it can
come from human experts or an LLM committee.

2.2 Core mechanism: meta-confidence interval

Early incumbents can be misleading: a task may
look good simply because it has not been explored
enough. GSR addresses this with meta-confidence
intervals (CIs): optimistic and pessimistic bounds on

(a) A

Select tasks by experimental evidence

Early-stop
\\80 unpromising tasks

%o Generate refined
\%o tasks iteratively
R4

I # costly experimental evaluations

Utility

v

(b) Task-refinement loop Within-task BO loop

Advance a step of BO

seed task i

select task i,

BO progress

gap

converging

Generate tasks

Optimization

Local step s

Feedback

Find optimal task i* Find optimal action x*

Fig. 1: Conceptual overview: starting from a seed
task, GSR iteratively refines task specifications
while allocating costly evaluations. (a) As evidence
accumulates, the selector focuses on promising
tasks and early-stops unpromising ones. (b) Two-
loop structure: within-task BO provides progress
signals; the meta-level uses utilities and BO “opti-
mization gap” to decide what to optimize next.

each task’s long-run value U := 4 (f*®), where
£*(@ is the (unknown) optimum of task i.
Concretely, GSR combines: (i) statistical uncer-
tainty in utility feedback, and (ii) optimization uncer-
tainty within the task (how far the incumbent may
still be from the true optimum under a finite budget).
This yields a meta-UCB style upper bound of the form

v S UCBY(s) +  Le(9
— ———— ———
eventual task value utility uncertainty BO optimization gap
@

where e}i)(s) is the standard GP-UCB optimization

gap term after s evaluations and L is a meta-level Lip-
schitz bound translating objective improvement into
utility improvement. Intuitively, tasks with mediocre
incumbents but large remaining optimization gap
should not be discarded too early; conversely, tasks
with little optimization gap may have saturated.

2.3 Generate, Select, Refine
GSR uses the following three modules and LLM
generator and evaluator (Figure 2).
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Fig. 2: LLM components in GSR: (Left) Coarse-to-fine task generation: we mutate a parent task with target
mutation ratio p,,, producing refined tasks. (Right) Committee-based evaluation: committee returns binary
votes if the current task-incumbent pair (i, 7") is preferred over an anchor (a;,7*’). By averaging them, we

estimate a confidence interval for the utility u? (?gi)).

Generate Propose refined tasks by mutating a parent
task (e.g., via an evolutionary LLM).

Select Allocate the next evaluation to the task with
meta-UCB, while early-stopping tasks that
provably cannot catch up.

Refine Only refine a promising task using a coarse-

to-fine mutation schedule.

2.4 What GSR guarantees (high level)

For applied audiences, the main takeaway is: GSR
is provably sample-efficient for open-ended task
discovery. Under standard GP-UCB conditions and
mild assumptions on the task generator, GSR’s cu-
mulative meta-regret is only logarithmically worse
than running BO on a single (best) task. Practically,
this means GSR can explore an open-ended set of
generated tasks without incurring prohibitive experi-
mental cost, while still concentrating evaluations on
the best task w.h.p. To our knowledge, this is the first
such regret guarantee for open-ended task discov-
ery settings, including those driven by evolutionary
LLM-based generators such as AlphaEvolve [3].

2.5 Related Work

Our setting differs from multi-objective and multi-
task BO: rather than optimizing multiple objec-
tives over a shared space or transferring across re-
lated tasks, we aim to discover the task itself (do-
main/objective/constraints).

2.6 Applications and empirical evidence
GSR is particularly useful for:

(a) Planning: discovering a task formulation that
makes a desired outcome attainable under realis-
tic budgets (e.g., product or process planning).

(b) Inverse optimization: given a discovered mate-
rial, searching for a task under which it becomes
optimal—i.e., a principled route to finding appli-
cations of the new material.

We also demonstrate patent repurposing: given
a “seed” material that did not fit its original target
application, we search for alternative tasks where the
same material becomes optimal (competitive over
rival materials). In the instantiation, using MgO and
Bi, 03 as seeds, GSR identifies plausible additives (e.g.,
TmCl3/HgF, for MgO and CuO/PrTe; for Bi,03) and
proposes repurposed applications, illustrating data-
supported hypothesis generation rather than hypothe-
ses derived solely from an LLM.

2.7 Practical takeaway for AI4X practitioners
To deploy GSR in an applied pipeline, you need:

(1) A seed task: an initial task formulation (possibly
vague or imperfect).

(2) A utility function: any mechanism that can
rank task-incumbent pairs (human experts, au-
tomated metrics, or LLM-as-a-judge).

If LLM reliability is a concern, both the generator

and the utility oracle can be replaced by humans, and

utility queries can be made sparse (queried intermit-
tently) while retaining theoretical guarantees up to
logarithmic factors.

3. Conclusion

BO is powerful once the task is fixed, but in many
real discovery settings the task itself must be dis-
covered under budget constraints. GSR provides a
unified, evidence-based framework for LLM-assisted
(or human-assisted) task discovery, with regret guar-
antees that justify exploring many candidate tasks
without losing sample efficiency. We view this as a
step toward self-driving laboratories that not only
optimize experiments, but also help decide what to
optimize next. See Appendix for formal details.
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Appendix A. Problem Setting

1.1 Tasks, evaluations, and incumbents
Tasks. There is an unbounded collection of tasks

indexed by i € N. Task i is specified by a compact
domain X c R?” and an unknown objective £ :
X0 R,

Global vs. local time. We index global rounds by
t € [T]. At each t, the meta-optimizer selects a task i,
and evaluates one design x\) € X(), observing the
noisy oracle

yl) = pao ())& &~ SubGauss(ajzr).
Let st(i) be the local counter that task i has been se-
lected until t and 71 be the set of tasks instantiated
by T. For brevity, we write xt( D= x (and similarly

for other quantities).
Incumbent. After s local evaluations on task i, de-
fine the incumbent, i.e., best-so-far observed value!

7Y := max yl £ = max 9 (x).
1<r<s xeX @
Optimization gap. Each task runs a standard GP-
based BO (GP-UCB; [2]). We only use an optimization

gap bound: w.p. >1- 5}'), after s evaluations,

O -0 < =2\ pO v fs, (A

where " and y(l) are exploration and information-
gain terms and C, > 0 is a constant. The optimiza-

tion gap e upper-bounds the worst-case error of the

global optimum estimate, and satisfies e > 0as

s — oo, i.e., GP-UCB asymptotically identifies the

global optimum f*() (no-regret) for commonly used

kernels (see [4]). ef is computable without access to

f*@ so it provides a principled cross-task progress
metric. For uniformity over instantiated tasks, define
E{ = MaX;e s, e{, o) e{ < €s foralli € 7y and s € [T].

1.2 Latent utility

Since the scale of f(!) can vary across tasks, we
introduce a scale-invariant utility function u® : R —
[0,1] applied to the incumbent 7. Any rankable
function can be utility; e.g., scientific value [5] or
human preference [6].

Definition A.1 (Utility regularity). u") is monotone
nondecreasing and LY -Lipschitz: [u® (y) —u? (y)| <
LWy —y'|forally,y’ € R. Let L* := sup, LV < .

Monotonicity matches the optimization intent (bet-
ter designs should not be judged worse). Lipschitz-
ness is a standard regularity condition in optimiza-
tion.

Noisy utility calls. For task i; selected at ¢, after

(ir)

observing y,’, we query the noisy utility oracle

il =y (gl) 4 g, &~ SubGauss(ai).

i= maxy< <5 £ (x).

In analysis, this is noiseless yﬁ”

1.3 Long-run value and BO-achievable optimality
Long-run value. A task i has an unknown long-run
value

U® =40 € 0,1], U* :=supU®.

1
Resolution. With a finite T, the optimization gap

is nonzero e; > 0. Combining Lipschitzness with (A1)
gives, Vi, s

0<Uu® -y (ygl)) < L(i)(f*(l) y(l)) <L* 6{,

Consequently, even if all budget T is allocated to a sin-
gle task, L*e; is the finest utility accuracy that can be
reliably achieved. We therefore define an achievable
utility tolerance (the “resolution”).

Definition A.2 (eV-optimal tasks). For any eV > 0,
define

(%) i={ieN: U*-UY <Y},

Condition A.3 (Optimal resolution). Fix el :=ej27™
form € Zs. Choose a max depth mr € Zsg and assume
there existsan m* € {0,1,...,mr} and c. € (0,1) s.t.

U Ce I*E f

m*_

€

Condition A.3 ensures that the EU* is achievable
within T; otherwise, any finer resolutlon eﬂ <el,
would exceed what BO can reliably achleve As T
increases, e§ shrinks and eV, becomes progressively
finer.

Goal is to find and optimize any ", -optimal task:
) ¢ arg maxf(i:U)(x). (A2)

xeX(i:U)

Metric. We evaluate the meta-optimizer by the
meta regret:

Ry = ZT:(U*

t=1

. U
i’y € I™(€),

u(it)(ygit)))_

Appendix B. Generate-Select-Refine (GSR)

We propose GSR (Alg. 1), a meta-BO framework for on-
line task discovery (generate), budget allocation (select),
and coarse-to-fine scheduler (refine). This section is
intentionally algorithm-first: we define the quantities
GSR maintains and explain the control flow. Concrete
LLM instantiations of the generator and utility oracle
are given in §B.2. All formal guarantees are collected
in §C.

2.1 Two coupled loops: GP-UCB and meta-UCB

Each task i runs a standard GP-based BO procedure
(GP-UCB), maintaining: (i) an incumbent yﬁi) afters
local evaluations, and (ii) a computable optimization
gap esf from Eq.(Al). The meta-optimizer decides (a)
which task to evaluate next (select) and (b) when to
generate tasks (refine).
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(a) Task Selector (b) Refinement scheduler
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Fig. Al: Alg. 1: (a) Select chooses the next task i, and
anchor task a;. (b) Refine advances the resolution
levels eV and generates ] mutations when anchor
width w, < cgel.

Task Selection. Core idea is the confidence inter-
vals (CIs):

U(l) e [Qit)’ﬁil)]’
U(z’) _ aéi) + fe{ ’

s
S~ S~
Utility UCB  optimization gap

where L > L* bounds the Lipschitz constant. The
UCB naturally decomposes into uncertainty from fi-
nite utility samples and an optimization gap due to
limited evaluation budget. We select the next task i,
via a meta-UCB policy (Line 4 in Alg. 1; see Fig.Al(a))?,
concentrating budget on the eV-optimal task while
early-stopping suboptimal ones.

Task Refinement. We generate new tasks by mu-
tating and iteratively refining a seed task. A key step
is selecting an anchor task to mutate. The anchor
must be both promising and sufficiently resolved. We

therefore choose a; as the most promising pessimistic

task—ranked by gﬁ" ) rather than ﬁﬁ” —whose uncer-

tainty is below a target threshold:

ay € arg maxggj) s.t. w,(j) <&, (A3)
Jjel:
where w'") := Uil) - U is the CI width (uncertainty),
and €/ := max{c,el, w,} is the resolution threshold,
with w, := minjey, w,m. See Fig.Al(a) for intuition.
This rule selects an anchor that is promising under
U and sufficiently certain to advance to the next level
m (cf. Condition A.3).

Generation scheduler. We generate new tasks
only once the current anchor is sufficiently certain
(Line 8; Fig.A1(b)). We then advance to m+1 and gen-
erate a new batch of child tasks at a finer mutation
scale €Y.

2.2 LLM-powered meta-BO

We use LLMs for both task generation and evalua-
tion. Specifically, we adopt two empirically successful
paradigms (Fig.2): evolutionary LLMs for task gen-
eration [3, 7] and preference-based LLM judges for

2Ties are broken in favor of the task with fewer evaluations.

Algorithm 1 Generate-Select-Refine (GSR)

1: Input: horizon T, confidence (y,8,,5-), Lips-
chitz bound L, seed task ig, batch size J, ¢ , mr.
2 Initt m — 0, ¢ — 1, e, — e}, I « {ig}, By
Gen(ip,0,]), I « 11 U By.
: fort e [T]
select the next task i; € argmax; U;')
xt(i’), y}i‘),yfi‘) «— RunOneStepGP-UCB(i¢).
update value envelopes for task i; by Theo-
rem C.3.

AN R

7: select anchor a;, w; by Eq. (A3); ;41 « ;.

8: if m < mrand w, < cgeg

9: stepupm «— m+1; €Y %6612"".

10: draw 8, « Gen(a;,m, J); Iy41 «— 141U By,

utility feedback [8, 9]. We present only the essential
details here.

2.3 Generate tasks by controlled mutations

We represent each task as a structured specifi-
cation (e.g., JSON) with editable fields (e.g., objec-
tive/domain). Given an anchor task a, and level m,
the generator Gen(a;, m, J) prompts an LLM to pro-
pose mutated child tasks 8B,,.

Mutation ratio. To operationalize the resolution
levels €V, we control the mutation ratio:

#modified editable fields
#editable fields

p(i,a;) = € [0,1].

We target a decreasing schedule p,, := pp2™™, so
higher m corresponds to smaller edits. In practice,
we implement this by prompting the LLM with an ex-
plicit constraint on the number/type of fields (Fig.2).

2.4 Utility elicitation via an LLM committee

Following standard LLM-as-a-judge practice
[10, 11], an LLM committee compares task pairs
and returns binary votes (Fig.2). We adopt the
Bradley-Terry model [6] to infer latent utilities from
these comparisons, defining the utility u(V () as
the win rate of task i, against the seed task iy, i.e.,
Pr(i; > ig | y;i‘),yéiO),xt(i’>,xéi°)). As both the task i,
and its solution yﬁ"') improve, this win rate provides
a consistent cross-task utility. To prevent saturation
when i, is almost always preferred, we instead use an
anchor task a, as an adaptive reference and recover
the win rate by chaining pairwise comparisons (e.g.,
i > ap > ip).

Remark B.1. Under an LLM committee, averaging
K, preference votes yields a single utility estimate
i; € [0,1] with 1/(4K;)-sub-Gaussian noise, and the
resulting win rate satisfies Definition A.1.
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Appendix C. Theoretical Analysis

3.1 Main regret bound

Confidence envelopes. We now establish the re-
gret bound for GSR. As a first step, we derive CIs for
the meta-UCB.

Lemma C.1 (Utility CIs). Let§; := 8,/(n?t?) and ¢, :=

V202 1log(2/6;). Thenw.p.> 1-6,, forallt € [T],
u) = = clipyqy @' - g, @' = Clip[o,l](ﬁfit) + 1),

Remark C.2 (Averaged feedback). Averaging K >
1 independent samples to form @, is (o2/K;)-sub-
Gaussian.

Theorem C.3 (Value envelopes). Under Lemma C.1and
the GP-UCB events (Al), if L > L* then, Vi€ I;,t < T,

Ul =l ﬁ;i) := clipjoy @ +Le),

with initialization [U(’) U(()l)] = [0,1]. IfK; is controlled

tobeu’ —u'” <c, Le{for cy > 0, then

(1)

w:=U," —U" < (¢, + L€

Task generation.

Condition C.4 (Refinement probability). Under Con-
dition A.3, there exists a nonzero probability 6, € (0,1]
such that Vm, s, a, that is resolved finer than €Y, a single
draw i ~ Gen(a,,m, ] = 1) hits an €3 -optimal task for
m>1:

Plgi € I*(e%)tJ wy < cgeg_l) > 6.
This condition is enforced in Line 8 of Alg. 1. Con-
ditioning on a sufficiently solved anchor enables pro-
gressively finer task proposals, down to resolution
el < L*E];.

Max depth m7 is set as:

Lemma C.5 (Reachability). Under Theorem C.3 and
Condition C.4, assume the batch size J is a constant. Set

. T
208 (m)J

ﬁT =
_ 2
where Ar = % 'UCAM) , and |x]y =
9=0
max{0, |x]}. Then, under Condition A.3 and Algo-

rithm 1, the optimal level m* is introduced by time T.
Meta regret bound. For brev1ty, we set fr :=

maX;e 7, ﬁT and yr := maXe 7, yT .

Theorem C.6 (Regret bound). Under Theorem C.3 and

Lemma C.5, let RY := L* 31 & be the uniform single-

task regret bound. Let Nt := |It| be the number of instan-

tiated tasks by time T. Then Algorithm 1 satisfies with
C>0w.p.>1~ (8¢ + 38, +9_), such that

Rr < Rpr:=C (1 + \/N_T) %R} (A4)

1+ J(mr+1),andmr = (j(log T), we have
(5(«/log T) when L = ©(L*).

By NT
Rr/R%

IA

Proof Sketch. Let U™ := max;.7, U'Y. On the high-
probability envelope and generation-success events,
the instantaneous regret can be decomposed to:

(U* _ UtmaX) + (Utmax _ U(i,)) + (U(i,) _ u(it)(ygiz)))

generation selection within-task

(a) Generation: U* -U™* < ¢U 5o the sum is
t myAm*?

O(ceR}) (Lemma C.5 + Condition A.3).
(b) Selection: meta-UCB implies U;T"“X—U(i’) < wt(ljl) <
Lé,, giving O((L/L*)VNT RY).
t-1
(c) Within-task: Lipschitzness + GP-UCB bound give
U® —u® (G") < 1*€, giving O(VNr RY).
Combining yields (A4). O

3.2 Discussion of the theoretical results

Q. What if we use an oracle task as the compara-

(1%
tor? LetR, = L*Y ] { ‘) For the RBF kernel,

the extra overhead is k1 := R%/R; = O((log T)d’d( v ),
where d := max;cz, dV).

Q. Isn’t L hard to estimate? We adapt L online via
regret-balancing [12], which incurs only a logarithmic
overhead; the same idea applies to other hyperparam-
eters. In experiments, GP hyperparameters are fit by
marginal likelihood, while remaining constants are
fixed (e([)] =1,¢, =0.5).

Q. Isn’t Condition C.4 strong? Yes—without Con-
dition C4, the first term in our regret decompo-
sition is irreducible, so sublinear meta-regret is
information-theoretically impossible. Empirically,
evolutionary LLMs perform well on code and proof
generation [3, 7, 13]; our condition makes this com-
monly implicit assumption explicit. We provide a
Bayesian in-context learning analysis [14, 15]: con-
ditioned on mutation history, the posterior mass on
the correct refinement type concentrates exponen-
tially fast in the number of in-context examples. We
give 8, = p(el) — ercr, where pp,(€Y) is the problem-
specific (LLM-independent) success probability of
the underlying (true) refinement and e, is the Bayes
approximation errot, controlled by pretraining scale
and typically small. This supports a nonzero success
probability for refinable problems with informative
mutation histories.

3.3 Related Work
Meta BO. Meta-BO either transfers across related

tasks [16, 17, 18, 19] or adapts hyperparameters online
[20, 21, 12, 22]. Instead, we meta-optimize the task.
LLMs + BO works. LLMs have been used to generate
hypotheses [23, 24] and code and proofs [25, 26]. In
BO, they are applied as surrogates [27, 28, 29], collab-
orative agents [30, 31] or kernel generators [32] but
under a fixed task.

Other BO. Prior work on unknown search spaces
[33, 34] and objective selection [35, 36] assumes a
fixed task, an assumption violated in our open-ended
setting.
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